1 Summary 1. The R package TropFishR is a new analysis toolbox compiling single-species stock assessment methods specifically designed for data-limited fisheries analysis using lengthfrequency data.
Introduction
The scientific analysis and evaluation of fisheries provides the basis for sustainable exploitation of marine resources in ecological, economic and social terms. The knowledge of current fishing pressure and stock biomass in respect to biological reference levels supports the development of management strategies for sustainable harvest. For management purposes, single-species models are mainly used to derive these reference levels (Hilborn & Walters 1992; Skern-Mauritzen et al. 2015) . The variety of potential models is large, but their application is strongly limited by the type of available data. Fish stocks for which only catch or length-frequency (LFQ) data is available, are categorised as data-poor and require a particular set of models (ICES 2012) . Fish stocks under data-poor conditions are prominent in all regions and can even be influential in the management of data-rich fish stocks (e.g. choke species in multi-species fisheries). In particular, small-scale fisheries are prone to be datapoor (e.g. based on catch only) due to a difficulty in monitoring; these are typically fleets consisting of a large number of small boats with many landing sites and targeting a variety of species. These aspects make data-collection and monitoring for adequate stock management extremely difficult. Although small-scale fisheries comprise more than half of the global landings (Kolding et al. 2014) , most are neither assessed quantitatively nor qualitatively (Costello et al. 2012) . For these fisheries, bulk catch data (no species identification) or LFQ data, from a limited time period, may be the only data available. In this work, we introduce the R package TropFishR, which compiles a wide range of stock assessment methods specifically designed for data-limited fisheries assessment using LFQ data and demonstrate the application of a selection of core methods. This article is protected by copyright. All rights reserved.
3 The TropFishR package Different R packages are currently available for fisheries analysis, such as fishmethods (Nelson 2016), FSA (Ogle 2016), or FLR (Kell et al. 2007) . These packages offer a broad catalogue of general methods of fisheries science (e.g. natural mortality estimators) and age-based stock assessment tools. Furthermore, other R packages with length-structured methods and suit- (Millar & Holst 1997) , and a complete set of methods for fisheries analysis with LFQ data. This compilation allows a stock assessment routine to derive reference levels (e.g. F M SY , F 0.1 ) by means of yield per recruit modelling, which may be based on a single year of LFQ data. Until now the preferred software for single species stock assessment with length-frequency data has been the windows-based programme FiSAT II (Gayanilo Jr et al. 1996) due to its user-friendly, click-based interface. The software is, however, limited in its ability to import data and perform automated analyses. The
TropFishR package aims to remedy these shortcomings by allowing further expansion and flexibility. Although wider in scope, the main methods follow those outlined in the FAO manual "Introduction to tropical fish stock assessment" (Sparre & Venema 1998 This article is protected by copyright. All rights reserved.
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For historical reasons, and the link to the above-mentioned book by Sparre & Venema (1998) , the package's name reflects the fact that the methods have often been applied to tropical fisheries, although they are equally applicable to other regions with data-poor stocks for which LFQ data is available. Typically, the workflow of a data-poor stock assessment with LFQ data would include: (i) estimation of biological stock characteristics (growth and natural mortality), (ii) fisheries performance aspects (exploitation rate and selectivity), and (iii) stock size and status. The order of the methods is important as they build upon each other in a sequential way. If some or all of the vital parameters for stock assessment are already known, the user may skip the data-poor approaches for their assessment and can directly proceed with yield modelling applications. For a full tutorial of fisheries analysis with LFQ data, see the tutorial vignette: vignette("tutorial", package = "TropFishR"). Here, we demonstrate the application of a selection of the functions of Table 1 with the use of a generated LFQ data set with known parameters. The data simulation procedure is based on an individual-based model that creates length-at-age variability through differences in individual growth parameters (for further information see supplementary online material and Taylor 2015). The generated LFQ data ( Fig. 1a ) is based on life history traits of the Thumbprint Emperor Lethrinus harak (Forsskål, 1775); parameters represent the average of estimates provided in FishBase (Froese & Pauly. 2016) ( Table 2) , while the length-at-firstmaturity is the average of results estimated by Kulmiye et al. (2002) . The resulting LFQ data set is provided in TropFishR under the name 'synLF6'. It is structured into 32 length classes with a bin size of 1 cm and 10 sampling dates within one year.
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Available methods
ELEFAN
ELEFAN is a method to derive growth parameters of the von Bertalanffy growth function (VBGF) from LFQ data (Pauly 1980) . It requires a vector with the mid lengths of defined length classes, a matrix with catches in numbers per length class (rows) and per sampling time (columns), and a vector with the dates of the sampling times (see synLFQ6).
ELEFAN can be separated into three steps: (i) "restructuring" of LFQ data according to a procedure that scores length bins based on deviations from a moving average across neighbouring bins, (ii) calculation of the cumulative score for a given set of VBGF parameters based on the bin scores that are intersected by resulting growth curves, and (iii) search for VBGF parameters that result in the maximum score value. The following code shows how to restructure the data and visualise the positive and negative bins (compare Fig. 1b ). The arguments 'MA' (moving average) and 'addl.sqrt' (additional square root transformation) allow for further adjustments to the default restructuring process. 
plot(lfqbin)
For the third step, traditional search procedures include: (i) Response Surface Analysis (RSA) varies both the growth coefficient (K) and asymptotic length (L inf ) of the VBGF, and (ii) K-Scan, which holds L inf constant while varying K (Pauly 1986). In addition to these traditional methods, two new optimisation procedures are offered that search over all parameters simultaneously: ELEFAN_SA and ELEFAN_GA, which are based on simulated annealing and genetic algorithms, respectively (Taylor & Mildenberger 2016) . Here, we compare the performance of the RSA and the simulated annealing approach by the use of the generated data set. Both methods require the same LFQ data list and some confinement in the search space for the growth parameters. There are many recommendations on how to This article is protected by copyright. All rights reserved.
define initial estimates of Linf , such as using the maximum length class (or the average of the few largest classes) as a reference (Taylor 1958; Beverton 1963) , but it is notable that large length classes can be underrepresented due to high exploitation, high natural mortality (i.e. high M/K ratio), or selectivity patterns of the gear, e.g. dome-shaped selection ogive of gillnets. Another approach is to use the Powell-Wetherall method (Wetherall et al. 1987) , which fits a linear regression toL -L ′ against L ′ , whereL is the mean length of all individuals larger than L ′ and L ′ is any length equal and above the length under full exploitation. Here, we used this approach to estimate L inf (ca. 36 cm, see supplementary online material) and, subsequently, restricted the search space range to plus/minus 5 cm. Without prior information, the search for K may be done on a relatively wider range of values (e.g. 0.1 -1.0).
ELEFAN(x = synLFQ6, MA = 5, addl.sqrt = TRUE, Linf_range = seq(30,40,0.5), K_range = seq(0.1,1,0.1)) When using RSA, we recommend analysing several local maxima of the score function with a finer resolution for both parameters and also comparing the calculated score values and fit graphically (comparable to Fig. 1b , see tutorial vignette for automated algorithm).
The simulated annealing approach requires the user to define the maximum time of the optimisation procedure (argument 'SA_time'; here 2 min). The graph produced by this method can help to find an adequate computing time (graph not shown here). The extent of stochasticity in the search process can be varied with the argument 'SA_temp', representing the initial 'temperature' of the annealing process. Both ELEFAN methods were able to reproduce true parameters used for data generation quite accurately (Table 3 ). Both scores are higher than the score of the original parameters, which can be attributed to the noise introduced in the data simulation process. The fit of estimated growth parameters can also be explored visually ( Fig. 1b) . As an illustration of the expandability that an R-based implementation affords, the confidence intervals for the growth parameters can be easily calculated with the jack knife technique -a resampling method with replacement (Quenouille 1956; Tukey 1958 Tukey , 1986 ,by incorporating ELEFAN_SA in a for-loop (supplementary online material).
Cohort analysis (CA)
Jones' length-converted cohort analysis (CA; Jones 1984) -a modification of Pope's virtual population analysis (VPA) for LFQ data -estimates the trend of the fishing mortality across length classes of the stock as well as a reconstruction of overall stock size. Beside the growth and mortality parameters, CA also requires the parameters 'a' and 'b' of the allometric length-weight relationship, which can be calculated from weight-at-length data. The function 'lfqModify' allows for the addition of a "plus group" to the data (i.e. the largest group includes all sizes above a given value), changing the bin size, and/or transforming the catch matrix to a single catch vector (per year) as required by CA (with the argument 'vectorise_catch'). This article is protected by copyright. All rights reserved. (1992) for a discussion of this parameter). Since the catches by length class should represent an entire year, the argument 'catch_corFac' can be used to add a correction factor in cases where under-sampling occurred. Assuming that the catch vector is representative for all sampled months and that catch levels were similar for the 2 missing months in the example data, we set 'catch_corFac' to 1 + 2/12 in order to correct for the under-reporting.
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CA <-VPA(param = synLFQ6, terminalF = 1.06, analysis_type = "CA", plot=TRUE, catch_corFac = (1+2/12))
The graphical results in Figure 2 generally reflect the logistic-shaped fishing pattern used in the data generation (red line in Fig. 2a and b) , although larger classes seem to be underrepresented in the catches, which results in lower fishing mortality values. The overall stock size in numbers and biomass can be calculated via: According to this method, the size of the stock is around 78,435 individuals or 2,217 kg.
These values deviate from the true values of 78,863 individuals and 1,858 kg by -0.5 % and 16 %, respectively. The deviations might here be related to the value of the terminal fishing mortality, which besides natural mortality and the length-weight conversion, has been shown to be an influential input parameter for VPA (Pelletier 1990; Hilborn & Walters 1992) .
Yield per recruit modelling (YPR)
Yield per recruit models (YPR), also called prediction models (e.g. Thompson and Bell model), allow for the evaluation of the stock's status in relation to reference levels as well as the impact of a given management control measure, such as regulations to fishing effort or gear selectivity (e.g. net mesh size). These models require growth and mortality parameters (comparable to CA) as well as selectivity information about the gear. In the first application of the YPR model, selectivity is represented by the vector of fishing mortality by length class estimated by the previous cohort analysis:
synLFQ6$FM <-CA$FM_calc
Holding this selectivity pattern constant, a vector of fishing mortality ('FM_change') is used to simulate changes in fishing intensity scaled to the fishing mortality of the fullyexploited length class(es). In the second application of the YPR model, the selectivity characteristics are described by a more generalised trawl-like selection ogive 1 (argument 's_list'), which allows for change in selectivity characteristics ('Lc_change') simultaneously with fishing mortality ('FM_change') or exploitation rate ('E_change'), respectively. The resulting estimates are presented as an isopleth graph showing yield per recruit isoclines ( Fig. 3b ). By setting the argument 'stock_size_1' to 1, all results are per recruit. If the number of recruits (recruitment to the fishery) is known, the exact yield and biomass can be estimated. The arguments 'curr.E' (fishing mortality divided by total mortality) and 'curr.Lc'
(estimated with the length-converted catch curve) allow for the estimation and visualisation of yield and biomass (per recruit) values for current fishing patterns (Fig. 3) . For this example, Figure 3a shows that the yield could be increased when fishing mortality is reduced. The gear related analysis reveals that the current gear characteristics and exploitation rate produce a yield of above 25 g per recruit, which could be increased to above 30 g by increasing the mesh size (following vertical dashed line in Fig. 3b upwards) .
# biological reference levels
TB1$df_Es # current yield and biomass levels
TB1$currents
The results estimate that the current fishing mortality (F = 1.08) is higher than the fishing mortality for "maximum sustainable yield" (F M SY = 0.9), indicating overfishing.
Final remarks
The R package TropFishR offers a new toolbox compiling fish stock assessment methods for data-poor fisheries, which are often, but not exclusively, encountered in the tropics. The package allows for the estimation of life history parameters and the development of management measures based on the analysis of catch-at-age data, bulk catch and effort data, or length-frequency data (Table 1) . TropFishR and other length-based assessment methods (e.g. s6model, LBSPR) have the advantage of being applicable to data collected from relatively short time periods (e.g. 1 year), making them attractive for rapid assessments in data-poor situations. To the contrary, surplus production models typically require longer time series of 10 years or more. LFQ data may also originate from survey or catch data, making collection fairly easy and economical even for small-scale fisheries. When derived from catch data, only a representative subsample of the landings is required and data collection requires little more than a measuring tape. At present, the ubiquity of smart phones may both ease the collection of LFQ data and allow for supplementary information to be collected in parallel (i.e. "metadata"); e.g. equipping the monitoring team with a smart phone application that automatically photo-measures fish, geo-references the sampling location, and uploads the data directly into a shared database. The examples of this paper illustrate the accuracy of parameter estimation using a simulated data set with known values.
Nevertheless, further testing of the sensitivity of length-based methods is warranted, as has been done for related age-based approaches for VPA or YPR (Pelletier 1990) . This further testing is needed to help identify influential input parameters and allow further quantification of uncertainty. The transparent and flexible toolbox offered by the TropFishR package This article is protected by copyright. All rights reserved. This article is protected by copyright. All rights reserved.
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